This study presents a novel approach to content-aware image sizing by combining the continuous approach using saliency histogram equalisation (SHE) and the discrete approach using seam carving (SC). It constructs a non-uniform quad mesh to represent an image by equalising its saliency histogram (SH), and changes the mesh size to represent the resized image by carving seams of insignificant quads in the SH domain. As SHE is simple to implement, and SC can be obtained via dynamic programming, the proposed SHE combined with SC (SHE-SC) algorithm is computationally efficient. Experimental results show that SHE-SC is preferable to other existing algorithms.
Introduction
There is an increasing demand for displaying of images on various screens with different sizes, resolutions, and aspect ratios. Conventional methods such as simple cropping and uniform scaling are liable to suffer loss and deformation of important pixels. It is thus necessary for effective resizing to take the content an image into consideration [1, 2] . As prominent objects with high saliency values capture one's attention in a rapid bottomup manner [3, 4] , to preserve the visual appearance of salient objects, non-uniform operations are mostly desirable [5] . State-of-the-art image resizing algorithms can be grouped into two categories: the discrete approach and the continuous approach. [6] . Both approaches share a common interest in the use of saliency information, based on which the former shrinks/enlarges an image by gradually discarding/duplicating unimportant pixels, and the latter often takes an image warping with non-uniform meshes.
The widely-used seam carving (SC) algorithm is a benchmark for the discrete approach [7] . As for the continuous approach, particularly interesting is the use of mesh warping. Existing methods, e.g. the optimised scale and stretch (OSS) algorithm [8] uses a uniform mesh called the input mesh to represent an image, and deforms it into a non-uniform one called the output mesh to represent the resized image. Recently, a different strategy has been proposed to represent the original image and the shrunk image using a non-uniform input mesh and a uniform output mesh, respectively [9] . For the sake of flexibility, both the input and the output meshes can be non-uniform. Specifically, the contributions of this paper are as follows: † Framework of image warping with non-uniform input and output quad meshes. † Quad-level SC by gradually carving seams of insignificant quads. † Fast image resizing in the saliency histogram (SH) domain.
The remaining of this paper is organised as follows. A brief overview of state-of-the-art image resizing algorithms is given in Section 2. The related works, the SC algorithm [7] and the SH equalisation (SHE) algorithm [9] are reviewed in Section 3. Section 4 details the proposed SHE combined with SC (SHE-SC) algorithm. Section 5 shows the performance of SHE-SC compared with other algorithms. Conclusion can be found in Section 6.
State-of-the-art image resizing algorithms
The work of Avidan and Shamir [7] has drawn a lot of attention to content aware image resizing (CAIR). They defined a seam as a path of connected pixels from one side of an image to the opposite side, and proposed an efficient algorithm called seam carving (SC) to remove or insert insignificant seams gradually for CAIR. Shamir and Sorkine [1] improved the performance of SC by using the forward energy map. Hwang and Chien [10] utilised the human attention model for perceptual SC. Hua et al. [11] used the scale invariant feature transform (SIFT) to measure the difference between images with different sizes, and proposed a two-step resizing scheme: SIFT-based SC followed by uniform scaling. To speed up the process of SC, Conger et al. [12] extracted image features at multiple scales, and proposed the seamlet transform with wavelet filters for multi-SC. Mishiba and Ikehara [14] performed SC in the wavelet domain [13] without considering the parentchild relationship of wavelet coefficients, which however is valuable for CAIR [15] . The idea of SC has also been incorporated into image coding for spatial scalability [16] [17] [18] .
Image resizing by discarding and/or duplicating seams of insignificant pixels is categorised into the discrete approach, which may cause noticeable jags in structural objects [6] . There are other methods classified into the continuous approach by using image warping with non-uniform meshes. Gal et al. [19] preserved salient objects while squeezing/stretching homogeneous regions. Wolf et al. [20] evaluated pixels based on the local saliency, object detection, and motion estimation for the content driven video retargeting applications. Chen et al. [21] formulated image resizing as a convex quadratic problem, and solved it via quadratic programming. Wang et al. [8] proposed the OSS algorithm by uniformly scaling prominent objects and non-uniformly stretching image backgrounds. Recently, Hsin [9] proposed an efficient way to construct a non-uniform mesh based on the SH of an image, and mapped it onto a uniform mesh for CAIR. Overall, the continuous approach tends to avoid jagged contours [6] .
Related work
This section briefly reviews two related algorithms, namely the seam carving (SC) algorithm [7] and the SHE algorithm [9] , which builds the foundation of combining SHE with SC. For more details, see [1, 7, 9, 22, 23] .
Seam carving
In [7] , a vertical seam is defined as a path of connected pixels from the top to the bottom of an image
where f x (i) is a mapping from 1, M [ ] to 1, N [ ] for an M × N image, i, f x (i) is the coordinates of a pixel in s x , subscript x denotes the x-axis in the vertical direction, and a seam of 8-connected pixels is obtained by setting ℓ equal to 1. Similarly, a horizontal seam of pixels in the y-axis is defined by
To evaluate the significance of a seam, the gradient-based backward energy used in [7] is as follows
where (∂/∂x)I(i, j) and (∂/∂y)I(i, j) are the gradient magnitudes of a pixel, I(i, j), at coordinates i, j in the x-axis and the y-axis, respectively. Seams of less significant pixels are visually unimportant, and therefore ignored for content-aware image resizing. Specifically, to reduce the width of an image, the vertical seam with minimum backward energy is discarded as follows
and s * x can be efficiently obtained by using the SC algorithm via dynamic programming
where M i, j is the cumulative minimum backward energy. M i, j can be modified to improve the performance of SC by using the following forward energy
where
Other energy functions can also be used as saliency maps (SMs), e.g. [22, 23] .
SH equalisation
The SH obtained by normalising the SM of an image can be used as a probability density function describing the likelihood of targets' presence [9] . High-saliency pixels are usually found in the regions of interest (ROI), which need to be preserved while resizing an image; on the other hand, the regions of non-interest (RONI) with low-saliency pixels are mostly unimportant and therefore can be neglected. An efficient SH-based algorithm called saliency histogram equalisation (SHE) has been proposed for image warping with non-uniform meshes [9] . A brief overview of SHE is given below. Given an image with its SM, the marginal SH obtained by projecting the SH in the horizontal direction and the vertical direction is equalised separately, combined by tensor product to generate a non-uniform rectangular mesh, and then refined on the basis of local SH to construct a non-uniform quad mesh. For the sake of simplicity, the shrunk image is represented by a uniform quad mesh with a smaller quad size, and the mapping from the nonuniform quad mesh representing the original image to the uniform quad mesh representing the shrunk image is obtained using bilinear interpolation [9] . Though SHE provides an efficient way to construct non-uniform meshes with suitable quad sizes, it is noted that for images with extremely high saliency values in a small portion of the ROI, there are occasionally undue enlargements in the shrunk image. This paper is mainly aimed at overcoming the problem above.
SHE combined with SC
In [9] , the SH of an image was used to define the ROI, and an efficient algorithm called SHE was proposed to construct nonuniform quad meshes. Without the constraint of quad size, it occasionally enlarges small quads with high saliencies in the shrunk image. Moreover, for image enlarging, the SHE algorithm was modified in an iterative manner, and therefore time consuming. This section presents a novel scheme to improve the performance of SHE by incorporating SC into the framework of SHE. where f x · ( ) is a mapping function from 1,
Seam of quads
The corresponding vertical seam of super-pixels in the SH domain is as follows
where the ULV, u m,n , v m,n , of quad q m,n denotes the corresponding super-pixel in the SH domain, and therefore h x is equivalent to s x . Similarly, a horizontal seam of 8-connected quads in the y-direction is defined as
where f y · ( ) is a mapping function from 1, L [ ] to 1, K [ ], and the equivalent horizontal seam, h y , in the SH domain is as follows
Mesh shrinking by SC
As mentioned previously, a simple uniform quad mesh was used to represent the shrunk image in [9] . Though larger quads in the RONI are shrunk more, it is noted that extremely small quads in the ROI are occasionally enlarged. Take for example the test image shown in Fig. 2a , the SH shown in Fig. 2b is obtained by using the discriminative regional feature integration (DRFI) algorithm [24] . Fig. 2c shows the non-uniform input mesh with a wide range of quad sizes obtained by SHE. Fig. 2g shows the shrunk image obtained by mapping from the input mesh shown in Fig. 2c onto the uniform output mesh shown in Fig. 2e . As the significant input quads in the left centre of Fig. 2c are smaller than those in the corresponding region of Fig. 2e , an undue enlargement takes place. To overcome it, a lower bound can be used to limit the range of quad sizes, while constructing the input mesh by SHE. Specifically, the input mesh shown in Fig. 2d is obtained by placing an extra constraint on SHE: the minimum quad size of the input mesh is bounded by the uniform quad size of the output mesh. Fig. 2h shows the improved result by replacing the input mesh shown in Fig. 2c with the one shown in Fig. 2d . This section proposes a different approach to preserve the ROI by constructing a preferable non-uniform output mesh instead of using the simple one shown in Fig. 2e .
To evaluate the significance of a quad, the following definition can be used
where p(i, j) is the SH of an image at coordinates i, j , and q m,n denotes the size of quad q m,n , which is the number of pixels in q m,n . The above is essentially the average SH of q m,n . In SHE, each quad has an equal amount of SH given by
where N t is the total number of quads. Thus, Sig q m,n is inversely proportional to q m,n , and moreover the least significant seam (LSS) of quads is basically the one with maximum sum of quad sizes. Without loss of generality, let us consider image shrinking in the horizontal direction. Given an M × N image, I, with the nonuniform K × L input mesh M obtained by SHE, the vertical seam Fig. 4 Visual comparison a Original images b SMs c Shrunk images obtained by SHE [9] d Improved results in vertical borders of the first two images by using the proposed SHE-SC algorithm Sig q m,n
By substituting (14) into (13), the above is equivalent to
As mentioned in the previous section, a quad in an image corresponds to a super-pixel in the SH domain, and therefore a seam of quads is a seam of super-pixels. Thus s * x can be efficiently obtained by modifying the SC algorithm as follows
where G m, n ( )is the cumulative maximum quad size with the initial condition, G 1, n ( ) = q 1,n . The last element of s * x corresponds to the maximum entry of the last row of G. After the detection of s *
x , the width of each quad in s * x is reduced by 1 pixel, with their respective quad sizes updated accordingly, and in consequence, the mesh width is reduced by 1 pixel. The above mesh shrinking can be performed iteratively until the width reaches the desired one. Similarly, for image shrinking in the vertical direction, the horizontal seam s * y with maximum sum of quad sizes can be obtained by applying the modified SC algorithm to the super-pixels in the SH domain.
SHE-SC algorithm
The idea behind SHE is to represent an image with a non-uniform mesh such that the significance of a quad can be determined by its size. To resize an image, a sequence of LSS, in order of significance, can be efficiently obtained by using the modified SC algorithm given in (17) , and the width/height of LSS in the vertical/ horizontal direction is gradually changed to the desired one. Fig. 3 depicts the block diagram of combining SHE with SC for image shrinking. A summary of the SHE-SC algorithm is as follows:
Step 1: Construction of input mesh: Given an M × N image with its SM, the SH obtained by normalising the SM is equalised using the SHE algorithm [9] to construct the input mesh.
Step 2: Mapping of input mesh quads: The input mesh quads with their quad sizes are considered as super-pixels mapped into the SH domain. The significance of a super-pixel is inversely proportional to its quad size. where n = 1, 2, . . . , L, r = m, m + 1, . . . , K, m = f y (n), (u m,n , v m,n ) is the ULV of quad q m,n in a horizontal LSS.
Step 5: Interpolation: Finally, the shrunk image can be obtained by linear interpolation with the constructed input and out meshes.
To enlarge an image, the reduction operations performed in step 4 are simply replaced by increasing the width/height of quads in the vertical/horizontal LSS, i.e. v m,c = v m,c + 1 and u r,n = u r,n + 1.
Experimental results
The SHE-SC algorithm has been implemented in Matlab on a notebook equipped with Intel ® Core™ i7 2.2 GHz processor and 8 GB RAM. The DRFI algorithm [24] is used to generate SM, as reported in [25] , it is superior to other methods for images with salient objects. In the construction of input mesh using the first step of SHE-SC, the parameter used to define the neighbourhood of a vertex is set to 1, and the threshold used to restrict the bending of grid lines is set to 0.2 [9] . The performance of SHE-SC is compared with SHE [9] , and other state-of-the-art algorithms [7, 26, 27] .
Firstly, let us complete the previous example of shrinking the image shown in Fig. 2a . The non-uniform input meth, non-uniform output mesh, and shrunk image shown in Figs. 2c, f, and i are obtained by using SHE-SC. It shows that SHE-SC significantly improves the preservation of ROI due largely to the use of a more suitable output mesh, and is marginally preferable to SHE with the additional constraint of quad size. More shrunk images given in Fig. 4 show that SHE-SC tends to preserve the ROI near the image boundary for the first two images.
The performance of image enlarging by SHE-SC is compared with the modified SHE algorithm [9] in both subjective and objective evaluations. The results shown in Fig. 5 indicate that the two approaches to enlarge images in the SH domain are visually comparable. However, as the modified SHE is an iterative algorithm, SHE-SC is preferable in terms of running time. Fig. 6 shows the individual and average running time for enlarging the images shown in Fig. 5 . Fig. 7 evaluates SHE-SC via comparing with SHE [9] , SC [7] , GVFP [26] , and RLM [27] . The width/height of the original image is reduced by 30%. It shows that SHE-SC, SHE, and GVFP are visually preferable to SC and RLM. For objective evaluation, the average cost with the ground-truth dataset composed of 1000 images is used [26] . The result given in Fig. 8 shows that SHE-SC is superior to the other algorithms.
Conclusion
SH provides information about the presence of prominent objects. By grouping pixels into non-uniform quads with average saliency used as a measure of significance, the speed of image resizing can be substantially improved due largely to quad-level processing in the SH domain. The proposed hybrid discrete/continuous approach combines the advantages of SC and SHE, constructs two non-uniform meshes, namely the input and the out meshes to represent the original and the resized images, respectively, and then performs image warping at quad level for image resizing. Experimental results show that salient objects can be well preserved in the resized image, and the objective measures of average cost and running time can be improved significantly. In future, extending the hybrid approach to video retargeting is an interesting direction.
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